Determining the position of a body is crucial in the context of the Ambient Assisted Living: knowing if a person is standing, lying down or sitting makes the difference in the process of detecting anomalies due to inactivity. We present a non-invasive monitoring system to recognize if a person is seated using Bluetooth Low Energy technology. The system is composed by devices that can be easily attached to the furniture: a transmitter module that continuously broadcasts Bluetooth signal, and a receiver which collects the RSSi value of the received messages. Finally, a central server evaluates the attenuation of the Bluetooth signal within the 2.4GHz band, correlating it to the presence of a human body in the proximity of the device.
INTRODUCTION
According to the United Nations report [9] , the number of people who aged 60 years old and above is estimated to increase 56%, rising from over 900 million to nearly 2.1 billion by 2050. This results in an increase in hospitalization requests, that create problems in the Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org. health-care system, forcing a change of the actual paradigm of welfare. This is why more and more older people face old-age at home, while new technologies are increasingly offering solutions to monitor and assist them in order to guarantee a fast intervention in case of home accidents.
From many years a lot of research has been done to detect patterns in the behavior of the people being monitored, and thus, facilitating the recognition of anomalies in their everyday lives [13] . Most of the time, the home anomalies, triggered by both accidents and sudden illnesses, cause an evident change in the usual behavior of the inhabitants, leading to inactivity (e.g. the time spent in the living room is excessively long due to the usual behavior of the monitored person) [7] . Monitoring the daily life of people at home, using non-intrusive environmental sensors, it is possible to infer the Activities of Daily Living that he/she performed [12] . It is therefore necessary to identify the sensors necessary for the detection of anomalies that can be correlated to dangerous situations, and which must therefore trigger an immediate reaction to limit their possible negative consequences. Analyzing the above example, knowing if the monitored person is sitting on the sofa with the TV on or lying on the floor during the long stay in the living room can make the difference to decide if it is necessary to alert somebody. This work present a non-intrusive monitoring system to detect sitting people.
RELATED WORKS
Technological systems that detect the proximity of a human being have been widely studied in the past [4] . However, none of the solutions available in the literature answer the needs of detecting a human sitting down on a piece of furniture in a non-intrusive way.
Cameras and infrared light have been widely used as human proximity detector. But they can get very expensive and the related sensors are hard to position because the target should always be visible in the camera field of view. They are also sensitive to light, sometimes unable to function properly when it is dark and most importantly may irritate the person being monitored [2] .
Capacitive sensors are also used for proximity detection, but they are very noisy, since they are susceptible to changes in the environment like temperature and humidity. Also, they are not very power efficient solutions. Some examples of capacitive sensors used for proximity detection can be found in Karlsson et al. [6] and Togura et al. [11] .
On the contrary, Bluetooth technology has not been explored much for proximity detection. This kind of systems usually take advantage of a wearable device [8] , making it too intrusive for the scope of this paper. However, there have been efforts to use this technology as motion detection [10] and for an indoor positioning system [3] using a wearable free approach, measuring the distortion in the signal caused by a human being present, with positive results.
PROXIMITY DETECTION
Bluetooth low energy (BLE) is a wireless personal area network technology, used for data transmission among devices. It is intended to be a low power alternative to regular Bluetooth. BLE enables very low-power battery-operated applications to run for months or even years. They use 50-99% less power, which means the average beacon can last up to 2 years. This is thanks to the fact that BLE remains in sleep mode constantly except for when a connection is initiated. The actual connection times are only a few milliseconds, unlike Bluetooth which would take 100 milliseconds. The reason the connections are so short, is that the data rates are so high at 1 Mb/s. BLE beacons also have a 60-80% cheaper cost of operation than competing standards.
The BLE signal is transmitted in the 2.4 GHz radio frequency. This means that the signal may be distorted by interference from specific elements in the environment such as metallic surfaces, glass and water. It is important to note that a human body is about 60% water, it absorbs signals in the 2.4 GHz band. Taken this into account, by identifying such distortion it is possible to infer human proximity.
With the help of a beacon transmitter that uses BLE technology it is possible to measure the amount of distortion in the signal when a human being is present between the beacon and the receiver. It is possible to use the RSSI (received signal strength indicator) as a measurement value to determine these changes. When a person stands between the devices, the signal is not completely shielded, because Bluetooth signals are omnidirectional. However, the RSSI decreases.
The RSSI can be measured with the Friis transmission equation:
This equation gives the power received by an antenna from another antenna that is transmitting a known amount of power at a distance under ideal conditions. There is a challenge in this approach, as mentioned before, represented by the several environment variables that distort the 2.4GHz signal of the beacon. Thus, it is important to calibrate the system to identify the right amount of distortion created by the human body.
Architecture
The main goal of the proposed research is to provide a non intrusive solution that can be placed underneath a piece of furniture, considering usability, cost and reliability issues.
BLE beacons meet most of the requirements discussed so far, making it the most suitable technology for the proposed system. Taking the role of beacon and receiver, two Esp32 modules [1] were selected to realize a demo. These devices are small and very versatile, one of them can perform many tasks such as serve as BLE beacon, BLE receiver and also connect to WiFi and send HTTP requests, which will comprise an important part in the final solution. As shown in Figure 1 , the proposed solution is composed, in addition to the esp32 modules, of a web server that receives and analyzes in real time the RSSI measurements. The first prototype of the solution uses two power banks to power the microcontrollers, in addition of double sided tape to place them below the furniture (Figure 2 ).
Model Selection
The problem of detecting a seated person has been modeled as a classification problem. That is, given a set of inputs, a prediction of a qualitative variable (seated or not) is required. Predicting a qualitative response for an observation can be referred to as classifying that observation, since it involves assigning the observation to a category. In this case the input variable is composed by the RSSI measurements taken from the microcontrollers and sent to the web server. The idea is to process these values in real time and assign each observation to one of two categories: seated, not seated.
Two models were chosen to tackle the problem:
• Logistic Regression • Standard Deviation It is important to note that both models are supervised training models. This means that a training or calibration phase is needed.
Logistic Regression.
To use this approach [5] , first it is needed to predict the probability of each category of a qualitative variable as the basis to perform the classification.
This model measures the probability that a response Y falls into a particular category. The threshold for this decision is previously established (E.g. P(X ) > threshold then the prediction is category one, otherwise the prediction is category two).
Figure 3: Bell Distribution
The threshold value selected was 0.75. This is because to avoid false positives as much as possible, a high probability of being seated is required.
To model the relationship between the input variable and the probability of that observation occurring, the logistic function is used. The following function (Equation 2) returns values between 0 and 1.
To fit the model and estimate the coefficients, a method called Maximum Likelihood is used (Equation 3).
This method tries to find the values of β 0 and β 1 that yields the values that correspond as closely to the individual's observed output. In this case whether the individual is seated or not.
Once the coefficients are estimated, it is a simple matter of computing the probability of being seated or not.
Standard Deviation.
Assuming that the data follows a normal distribution. This model consists in finding the standard deviation of the distribution of the sample taken to later find anomalies in new observations. By calculating the mean and the standard deviation we can identify the values that are not consistent with 95% of the observations by applying the following formula (Equation 4):
Observations that are less than y can be considered anomalies. It is important to note that in this case we only need the upper bound, given that we are only interested in the distortion of the BLE signal and that the RSSI values are going to be measured in dBm (decibel milliwatts) which will give values lower than zero. This means that we care about anomalies as shown in Figure 3 .
CALIBRATION
As mentioned before, the selected models are supervised training models. This means that they require a set of training data to start predicting and classifying accurately new observations. This phase of training is called calibration and is key for the good performance of the system. An important aspect of the solution is that it needs to be easy to use. Taking this into account the system was developed with an auto calibration feature, this means that after it is plugged in underneath the chair, it can calibrate itself and start predicting. The calibration phase can be performed using the web interface of the server ( Figure 4) ; using the same applications it is also possible to register chairs, beacons, and their coupling. Finally, after the calibration phase it is possible to visualize the predictions for every chair in real time.
At this stage the system is collecting enough samples to train the models previously mentioned. Depending on the model selected, different calibration methods can be used (E.g. for the logistic regression model, the system asks the user to sit down and stand up a few times).
EXPERIMENTS
Several experiments were performed to test both models and the overall performance of the system.
The experiments consisted in testing several archetypes of people when sitting down. Different weights and heights, as well as different genders were analyzed.
In order to collect ground truth data, a member of the team would ask the subjects to stand up or sit down while at the same time signaling the system of the actions of the subject plus his weight, height and gender.
Once enough data was collected and the system trained, then it was used to perform predictions on live observations.
Results for the Logistic Regression approach are shown in Table 1  and Table 2 , while the results for the Standard Deviation approach are shown in Table 3 and Table 4 : it can be observed that both the models hold an accuracy greater than 90%. The main difference between them is the Sensitivity, which indicates of all the people that were seated, how much did the system predicted correctly. The logistic regression model has a higher sensitivity than the Standard deviation one.
Although the Precision it is a high value for both the models, over 85%, it is still relatively low compared to the other results. This means that both models suffer from relatively high, in comparison with other values, of false positive rates. That is, from all people labeled as seated, how much they were actually seated.
Both models have a similar Specificity rate. This is the proportion of the true negatives correctly identified.
As mentioned before, both models returned positive results. It is important to mention that while the logistic regression model has a higher accuracy and sensitivity, it also takes longer to calibrate.
DISCUSISON
The obtained results show that using Bluetooth Low Energy devices such as beacons are a good solution to detect whether a person is sitting or not, even more in the context scenario. However, it is worth consider that all the experiments were performed in friendly settings. The system is very susceptible to noise and therefore to false positives. It relies heavily on the structure of the chair given that there is no standard way of placing the receiver and the beacon, only that they should be close to each other.
Moreover the use of a supervised learning algorithm like logistic regression makes the calibration part tedious and difficult for the user.
These are all opportunities to improve further versions of the system; the next activities will be devoted to add the possibility to consider more beacons for a single chair. This will improve the reliability and the robustness of the system, making it less susceptible to the influence of the environment. Indeed, it is very important to reduce the noise and consequently the false positives, i.e. to improve the precision of the system. The possibility of using a Kalman Filter will be being explored to perform sensor fusion.
CONCLUSION
This work studies the possibility of using BLE technology for human proximity detection. This system can be really helpful in the framework of Assistive Technologies to retrieve more detailed information about the behavior of people (e.g. how much time a person is spending sitting on a chair) in a non-intrusive way. The low cost and long life of BLE beacons makes them the ideal candidates to be used in a domestic setting. Using the RSSI calculated with the Friis transmission equation, the distortion generated in the signal by a human body positioned between the beacon and the receiver can be identified and sent to a web server.
Machine learning techniques -two different supervised models -were evaluated to analyze the data sent by the receiver, and therefore make a prediction on whether someone is seated or not.
Based on the results obtained by the experiments performed, it can be concluded that the objectives set out in the project were accomplished and the use of BLE technology can be a viable solution for the proximity detection of a human being.
It is important to note that even though the accuracy achieved was high, further work needs to be done to be able to ignore interference by metallic surfaces and other environmental variables.
